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Abstract: The CALICE Semi-Digital Hadronic CALorimeter (SDHCAL) prototype using Glass
Resistive Plate Chambers as a sensitive medium is the first technological prototype of a family of
high-granularity calorimeters developed by the CALICE collaboration to equip the experiments of
future leptonic colliders. It was exposed to beams of hadrons, electrons and muons several times in
the CERNPS and SPS beamlines between 2012 and 2018. We present here a newmethod of particle
identification within the SDHCAL using the Boosted Decision Trees (BDT) method applied to the
data collected in 2015. The performance of the method is tested first with Geant4-based simulated
events and then on the data collected by the SDHCAL in the energy range between 10 and 80GeV
with 10GeV energy steps. The BDT method is then used to reject the electrons and muons that
contaminate the SPS hadron beams. The rejection power of the new method is estimated to be as
high as 99.0% for the muons and 99.4% for the electrons associated to a pion selection efficiency
of about 95.0%.
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The Semi-Digital Hadronic CALorimeter (SDHCAL) [1] is the first of a series of technological high-
granularity prototypes developed by the CALICE collaboration. These technological prototypes
have their readout electronics embedded in the detector and they are power-pulsed to reduce
the power consumption in experiments proposed within the International Linear Collider (ILC)
project [2]. The mechanical structure of these prototypes is part of their absorber. All these aspects
increase the compactness of the calorimeters and improve their suitability to apply Particle Flow
Algorithm (PFA) techniques [3–5]. The SDHCAL is comprised by 48 active layers, each of them
equipped with a 1m× 1mGlass Resistive Plate Chamber (GRPC) and an Active Sensor Unit (ASU)
of the same size hosting on one face (the one in contact with the GRPC) pickup pads of 1 cm × 1 cm
and 144 HARDROC2 ASICs [6] on the other face. The GRPC and the ASU are assembled within
a cassette made of two stainless steel plates, 2.5 mm thick each. The 48 cassettes are inserted in a
self-supporting mechanical structure made of 51 plates, 15 mm thick each, of the same material as
the cassettes, bringing the total absorber thickness to 20 mm per layer. The empty space between
two consecutive plates is 13 mm to allow the insertion of one cassette of 11 mm thickness. The
HARDROC2 ASIC has 64 channels to read out 64 pickup pads. Each channel has three parallel
digital circuits whose parameters can be configured to provide 2-bit encoded information indicating
if the charge seen by each pad has passed any of the three different thresholds associated to each
digital circuit. This multi-threshold readout is proposed to improve on the energy reconstruction
of hadronic showers at high energy (> 30GeV) with respect to the simple binary readout mode as
explained in ref. [7]. A picture of the SDHCAL prototype is shown in figure 1.
The SDHCAL was exposed several times to different kinds of particle beams in the CERN PS






















Figure 1. A picture of the SDHCAL prototype on the SPS H2 beamline. The coordinates axes used in the
analysis are drawn as well as the beam axis and its direction.
the SDHCAL using the associated number of fired pads with multi-threshold readout information is
presented in ref. [7]. The contamination of the SPS hadron beams such as electrons and muons and
the absence of Cherenkov counters during data taking require the use of the event’s topology to select
hadronic events before reconstructing their energy. Although the rejection ofmuons based on the av-
erage number of hits per crossed layer is efficient, the rejection of electrons is more difficult because
some hadronic showers (in particular at low energy) behave in similar way as the electromagnetic
ones. To reject the electron events, the analysis presented in ref. [7] requires the shower to start after
the fifth layer. Almost all of the electrons are expected to start showering before crossing the equiva-
lent of 6 radiation lengths (X0).1 Although this selection is found to have no impact on the hadronic
energy reconstruction, it keeps only hadrons that shower after about 0.6 interaction length (λI ) of
pions and thus reduces the amount of the hadronic showers available for analysis by about 54%.
In this paper we explore another method to reject electron and muon contaminations that is not
based on the shower start requirement and thus provide a larger sample for the energy reconstruction
study. The new method is based on Boosted Decision Trees (BDT) [8, 9], a part of so-called Muti-
Variate Analysis (TMVA) technique [10]. In the BDT, different variables associated to the topology
of the event are exploited in order to distinguish between the hadronic and the electromagnetic
showers, and also to identify muons including radiative ones that may exhibit a shower-like shape.
In this paper, section 2 introduces the simulation and beam data samples which are used to study
the performance of both the BDT and the standard method described in ref. [7]. Section 3 describes
the selected input variables of BDT and the two approaches to build the classifier of BDT. Section 4
presents the results of the hadron selection using BDT. Finally, section 5 gives the conclusion.






















Figure 2. Event displays of a 50GeV pion in the SDHCAL (left), of a 50GeV electron (middle) and of a
120GeV muon (right). Hits that pass the first threshold are depicted in green. Hits that pass the second in
blue while the those that pass the third threshold are in red.
2 Monte Carlo samples and beam data samples
The SDHCAL prototype was exposed to pions, muons and electrons in the SPS of CERN in October
2015. In order to avoid GRPC saturation problems at high particle rate, only runs with a particle
rate smaller than 1000 particles/spill are selected for the analysis. In these conditions, pion events at
several energy points (10, 20, 30, 40, 50, 60, 70, 80GeV) andmuon events of 110GeVwere collected
as well as electron events of 10, 20, 30, 40, 50GeV. While the electron and muon beams are rather
pure, the pion beams are contaminated by two sources. One is the electron contamination, despite the
use of a lead filter to reduce their contribution. The other is the muon contamination resulting from
pions decaying before reaching the prototype. All the active layers of the SDHCAL prototype were
operational during this beam test except the layer number 34. Although this layer was physically
present, its readout system was switched off due to an electronics problem when the SDHCAL was
exposed to the pion beam. Typical pion, electron and muon events are shown in figure 2.
To apply the BDT method, six variables are selected and used in the Toolkit for MultiVariate
data Analysis (TMVA) package [10] to build the decision tree.
To study the performance of the BDT method, we use the Geant4.9.6 Toolkit package [11]
associated to the FTF-BIC2 [12, 13] physics list to generate pion, electron and muon events under
the same conditions as in the beam test at CERN-SPS beamline. For the training of the BDT, 10k
events for each energy point from 10GeV to 80GeV with a step of 10GeV for pions, muons and
electrons were produced. In total, 160k events of pions, 160k events of electrons as well as 120k
events of muons are used for this study.
The same amount of events of each species is produced and used to test the BDT method at the
same time. Finally, the pure (> 99.5%) electron and muon data samples3 are used as validation sets.
In order to render the particle identification independent of the energy of the different species
and thus to extend the method applied here to a larger scope than the beam purification, the pion
samples of different energies are mixed before using the BDT technique. The same procedure is
applied for muon and electron samples.
2The FTF model is based on the Fritiof description of string excitation and fragmentation. The BIC model uses
Geant4 binary cascade for primary protons and neutrons with energies below 10GeV. It describes the production of
secondary particles produced in interactions of protons and neutrons with nuclei.






















3 Particle identification using Boosted Decision Trees
Thanks to the high granularity of the SDHCAL, we can use the MVA methods to mine the
information of the shape of electromagnetic and hadronic shower to classify muons, electrons and
pions. The BDT method is one of the widely used MVA methods to perform such classification
tasks. The BDT is a model that combines many less selective decision trees4 into a strong classifier
to achieve a much better performance than single decision tree.
3.1 BDT input variables
The six variables we use to distinguish hadronic showers from electromagnetic showers and from
muons are described below. A common right-handed coordinate system is used throughout the
SDHCAL whose 48 layers were placed perpendicular to the incoming beams. The origin of the
system is defined as the center of the first of the 48 SDHCAL’s layers ( The x-y plane is parallel
to the SDHCAL layers and referred to as the transverse plane while the z-axis runs parallel to the
incoming beam as indicated in figure 1.
• First layer of the shower (Begin): the probability of a particle to interact in the calorimeter
depends on the particle nature and the calorimeter material properties. The distribution of
the coordinate z of the layer in which the first inelastic interaction takes place, follows an
exponential law. It is proportional to exp (− zX0 ) for electrons and to exp (−
z
λI
) for pions, where
X0 and λI are the effective radiation length and nuclear interaction length for the SDHCAL
material composition, respectively. To define the first layer in which the shower starts we
look for the first layer along the incoming particle direction which contains at least 4 fired
pads. To eliminate fake shower starts due to accidental noise or a locally high multiplicity,
the following 3 layers after the first one are also required to have more than 4 fired pads in
each of them. Particles crossing the calorimeter without interaction are assigned the value
of 48, which is the case for most of the muons in the studied beam except the radiative ones.
Figure 3 shows the distribution of the first layer of the shower in the SDHCAL prototype for
pions, electrons and muons as obtained from the simulation and data.
• Number of tracks segments in the shower (TrackMultiplicity): applying the Hough
Transform (HT) technique to single out the tracks in each event as described in ref. [15], we
estimate the number of tracks segments in the pion, electron and muon events. A HT-based
segment candidate is considered as a track segment if there are more than 6 aligned hits with
not more than one layer separating two consecutive hits. Electron showers feature almost no
track segment while most of the hadronic showers have at least one. For muons, except for
some radiative muons, only one track is expected as can be seen in figure 4.
• Ratio of shower layers over total hit layers (NinteractingLayers/NLayers): this is the ratio
between the number of layers in which the Root Mean Square (RMS) of the hits’ position in
the x-y plane exceeds 5 cm in both x and y directions and the total number of layers with
at least one fired pad. It allows, as can be seen in figure 5, an easy discrimination of muons
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Figure 3. Distribution of the first layer of the shower (Begin). Layer 0 refers to the first layer of the prototype.
Layer 48 is the virtual layer after the last layer and used to tag events not fulfilling first layer criteria. In the
standard method described in ref. [7], events that start showering before the fifth layer are eliminated.
(even the radiative ones) from pions and electrons. It allows also a slight separation between
pions and electrons.
• Shower density (Density): for each hit i, we count how many hits located in the 3 × 3 pads
around it (including itself) to obtain Ni. The density is then defined as the average number
of Ni following the formula: Density =
∑Nhit
i=1 Ni/Nhit , where Nhit is the total number of hits
in the event. Figure 6 shows clearly that electromagnetic showers are more compact than the
hadronic showers as expected.
• Shower radius (Radius): the RMS of each hit’s distance from the event axis. To estimate the
event axis, the average positions of the hits in each of the ten first fired layers of an event are
used to fit a straight line. The straight line is then used as the event axis. Figure 7 shows the
average radius of the three particle species in the SDHCAL. Discrepancy of the muon radius
distribution between data and simulation is due to the difference of hit multiplicity which is
slightly larger in data with respect to simulation.
• Shower maximum position (Length): this is the distance between the shower start and the
layer where the maximum RMS of hit transverse coordimates with respect to the shower axis
is detected. The distribution of this variable for different particle species is shown in figure 8.
Before using the variables listed above as input to the BDT method, we check that the variables
distributions in the simulation are in agreement with data for the muon and electron beams which
are quite pure. Figures 3–8 show that there is globally a good agreement for the six variables of
the two species even though the agreement is not perfect in particular for electrons. The observed
discrepancy is related to the difficulty to simulate precisely the saturation effect of electromagnetic

















































Figure 4. Distribution of number of the tracks in the shower (TrackMultiplicity).
Shower layers / total hit layers


























Figure 5. Distribution of ratio of the number of layers in which RMS of the hits’ position in the x-y plane
exceeds 5 cm over the total number of fired layers (NinteractingLayers/NLayers).
3.2 The two approaches to build the BDT-based classifier
In order to take into account the difference observed in some variable distributions between data
and simulation, and to cross-check the particle identification using the BDT method, we adopt two
different training strategies for the BDT-based classifier. The first approach, referred to as MC
Training, uses simulation samples of pions, electrons and muons as training sets. The second,
referred to as Data Training, uses simulation samples of pions but electron and muon samples taken






















































Figure 6. Distribution of the average number of neighbouring hits surrounding one hit (Density).
 Shower radius (cm)




























Figure 7. Distribution of the average radius of the shower (Radius).
3.2.1 MC training approach
The six variables of the simulated pion, muon and electron events described in section 3.1 are
used for the training and testing of the classifier. Events are chosen in alternating turns for the
training and test samples as they occur in the source trees until the desired numbers of training
and test events are selected. The training and test samples contain the same number of events for
each event class. Independent samples of signal events (pions) and of the different background
contributions (electron and muons) are used. The ratio between signal and each background
(electron or muon) events is 1 for training and test samples. After the training, the BDT provides
the relative weight of each variable as a measure of distinguishing signal from background. Two
BDT-based classifiers are proposed here. The first (BDTπµ) is used to discriminate pions against
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Figure 8. Distribution of the position of the layer with the maximum radius (Length).
Table 1. Variable ranking of separation power in the case of BDTπµ.
Rank : Variable Variable relative weight
1 : Length 0.233
2 : Density 0.225
3 : NInteractinglayer/Nlayer 0.163
4 : Radius 0.160
5 : Begin 0.139
6 : TrackMultiplicity 0.080
ranking according to their separation power in the BDTπµ while table 2 gives their separation power
in the case of BDTπe. The BDT algorithm using the variables and their respective weights is then
applied to the test samples. The output of the BDT applied to each of the test sample events is a
variable belonging to the interval [-1,1] with the positive value representing more signal-like events
and the negative more background-like events.
Figure 9 (left) shows the output of the BDT for a test sample made of pions and muons
while figure 9 (right) shows the output for a test sample made of pions and electrons. The values
differ significantly for signal and background suggesting thus a large separation power of the BDT
approach. This is confirmed by figure 10. The pion selection efficiency versus the muon (electron)
rejection of the test sample is shown in figure 11 (left) and figure 11 (right), respectively. A pion
selection efficiency exceeding 99.0%with a muon and electron rejection of the same level (> 99.0%)
can be achieved. In order to check the validity of these two classifiers, we use the beam samples of
pure muons and electrons. Figure 12 (left) shows the BDT output of BDTπµ and figure 12 (right)






















Table 2. Variable ranking of separation power in the case of BDTπe.
Rank : Variable Variable relative weight
1 : Radius 0.204
2 : NInteractinglayer/Nlayer 0.203
3 : Density 0.194
4 : Length 0.151
5 : Begin 0.145
6 : TrackMultiplicity 0.101
 responseµπBDT
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Simulation, MC Training 
Figure 9. The BDT output of the BDTπµ (left) and BDTπe (right) built with simulation samples.
events. A shift of the beam electron shape is observed with respect to the one obtained from the
simulated events. This difference is most probably due to the fact that the distribution of some
variables in data and in the simulation are not identical. Next, as a first step in purifying the
collected hadronic data events we apply the pion-muon classifier. Figure 12 (left) shows the BDTπµ
response applied to the collected hadron events in the SDHCAL. We can clearly see that there are
two maxima. One maximum in the muon range corresponds to the muon contamination of pion
data and another one in the pion range. Hence, to ensure the rejection of the muons in the sample,
the BDT variable is required to be > 0.1. The second step is to apply the BDTπe to the remaining
of the pion sample. Figure 12 (right) shows the BDTπe output. In order to eliminate the maximum
of the electrons contamination and get almost a pure ( > 99.5%) pion sample with limited loss of
pion events, we apply to the pion samples a BDTπe cut of 0.05.
3.2.2 Data training approach
We use the same variables of the MC Training approach on the data samples of muons (11k events)
and electrons (30k events) but still on the simulated pion samples to build two classifiers. Then
we apply the same procedure as the MC Training approach. Table 3 and 4 show the corresponding
variables ranking for BDTπµ and BDTπe according to their separation power importance. The




























































































































Figure 10. Pion efficiency andmuon rejection rate (left) and pion efficiency and electron rejection rate (right)
as a function of the BDT output.
Muon rejection rate



















































Figure 11. Pion efficiency versus muon rejection rate(left) and pion efficiency versus electron rejection
rate (right).
 responseµπBDT





































































Figure 12. The BDT output after using the BDTπµ on the data pion sample (left) and the BDT output after
using the BDTπe on the same data pion sample after classified by BDTπµ (right). A green arrow is shown






















Table 3. Variable ranking of separation importance in the case of BDTπµ.
Rank : Variable Variable relative weight
1 : Length 0.300
2 : Radius 0.230
3 : Density 0.227
4 : Begin 0.103
5 : NInteractinglayer/Nlayer 0.080
6 : TrackMultiplicity 0.060
Table 4. Variable ranking of separation importance in the case of BDTπe.
Rank : Variable Variable relative weight
1 : Radius 0.195
2 : NInteractinglayer/Nlayer 0.191
3 : Density 0.189
4 : Length 0.151
5 : Begin 0.141
6 : TrackMultiplicity 0.131
approach is explained by the slight difference of some variables distributions between data and
simulation. Indeed, when dropping, in the BDT method, the variables for which the discrepancy
between data and simulation is present, namely the “Begin” and “NinteractingLayers/NLayers”
variables, similar weights are obtained for the remaining variables in the two approaches. Figure 13
left (right) gives the results of pion efficiency and muon (electron) rejection rate. The left (right)
plot of figure 14 shows the BDT output of the BDTπµ (BDTπe). Clearly these two classifiers have
very good separation power. We apply these classifiers to the raw pion beam samples. The results
can be seen in figure 15. We apply a BDT cut value of 0.2 in the pion-muon separation stage and
then a BDT cut value of 0.05 in the pion-electron separation stage.
4 Results
The distributions of input variables for the data and simulation events of pion, muon and electron
are shown in figure 16. Only the pion data sample distributions are obtained after applying the
data-based BDT classifiers. A good agreement between the data and simulation events for pions
is observed. This confirms the power of the BDT method. The muon rejection rate obtained with
the MC (Data) Training approach is found to be 99.9% (99.0%) and that of the electron is 99.8%










































































Figure 13. Pion efficiency versus muon rejection rate (left) and pion efficiency versus electron rejection
rate (right).
 responseµπBDT

























































Figure 14. BDT output of the BDTπµ built with pure beam muons and simulated pion samples (left) and of
the BDTπe built with pure beam electrons and simulated pion samples (right).
 responseµπBDT



































































Figure 15. The BDT output after using the BDTπµ on the data pion sample (left) and the BDT output after
using the BDTπe on the same pion sample after classified by BDTπµ (right). A green arrow is shown on
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Figure 16. Distributions of six input variables of electron, muon and pion samples. Pion distributions are
obtained from pion data samples after applying the data-based training BDT selections.
approches for different BDT cuts in the range of [0.05,0.25] in the case of the pion-muon separation
shows a value smaller than 0.2% in both the pion efficiency and the muon rejection rate. In the case
of the pion-electron separation, different BDT cuts in the range of [0.05, 0.15] result in a difference
of less than 1.2% in the pion efficiency and less than 0.2 % in the electron rejection rate.
The rejection of muons and electrons presented in the pion data sample using the BDT allows
us to have a rather pure pion sample as explained in the previous section. Figure 17 shows the results
of comparison in event selection between the standard method and the BDT-based method using the
simulation samples. For both simulation and beam data, the BDTmethod leads to a larger pure sam-
ple of hadrons comparing to the standardmethod [7] in particular at low energy as shown in figure 18
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Figure 17. The number of simulated events of different energy points from 10GeV to 80GeV before (white)
and after applying the standard method ref. [7] (green) or BDT method (red). The left plot shows the results
from BDT method with MC Training approach while the right one shows the results with Data Training
approach.
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Figure 18. Distribution of the total number of hits for the 10GeV pion beam data selected by the standard
method (blue) and the BDT method (red). The left plot shows the results from BDT method with MC
Training approach while the right one shows the results with Data Training approach.
beam data. We also do not observe any significant deviation of energy resolution when applying the
standard energy reconstruction described in ref. [7] on the pion events selected by the BDT method.
5 Conclusion
A new particle identification method using BDT-based MVA technique is applied to purify the pion
events collected at the SPS H2 beamline in 2015 by the CALICE SDHCAL prototype. The new
method uses the topological shape of events associated tomuons, electrons and pions in the CALICE
SDHCAL to reject the two first species. A rejection rate of muons (electrons) exceeding 99.0%
(99.4%) respectively with a pion selection efficiency of about 95.0% is obtained. A significant
statistical gain is obtained with respect to the standard method used in the work presented in ref. [7].
This statistical gain is particularly significant at energies up to 40GeV and can be explained by the
fact that the showers that start in the first layers are not all rejected. This gain shows the better






















standard method. The BDT-based particle identification in CALICE SDHCAL is a robust and a
reliable method as confirmed by the results of two different training approaches. Finally, a study of
the linearity and the resolution of the reconstructed energy of the hadronic showers selected by the
BDT-based method in the SDHCAL is in preparation and will be the object of a future paper.
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